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Abstract In this paper, we investigate abilities of channel conversion methods for fine-tuning with image classification net-
works under deep neural network-based musical instrument classification. Recently, many deep neural network-based methods
have been proposed for scene classification, emotion recognition tasks, and so on. It has also been reported that fine-tuning
techniques with well-trained networks using large-scale image dataset improve the performance of sound classification tasks
when the limited amount of training data is available. In this case, while a spectrogram extracted from sound data is usually
regarded as an image and inputted to the fine-tuned networks with the image classification tasks, the spectrogram image is not
suitable to the fine-tuned network because the input of the image classification networks assumes the three channel data like
RGB. In this case, the spectrogram is required to be converted to the three channel data, and many methods such as spectrogram
duplication method, a method using delta as coefficients and colorization of a spectrogram have been proposed. However,
there is no discussion how these methods affect the accuracies. Therefore, we compare various channel conversion methods
via fine-tuning of the image classification networks. In the experiments, we performed musical instrument classificaiton with
fine-tuning of the well-trained networks by ImageNet. From the results, compared among six channel conversion methods, the
colorization of a spectrogram was the most suitable for the fine-tuning with the image classification networks.
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